At present, the dense network of peripheral afferents between finger and brain and the large size of engineered sensors preclude the recreation of biologically observed afferent populations. This work uses a validated computational model of cutaneous skin and tactile afferents to evaluate sparse populations in performing tasks required in activities of daily living. Using a model (3D finite element representation of fingertip skin, linear bi-phasic transduction function, and leaky-integrate-and-fire neuronal model), we systematically varied populations of tactile receptors in dimensions of density (100, 45, 20, and 10 sensors/cm 2 ) and size (diameter 0.1, 0.2, 0.5, and 1.0 mm) to determine if a given modeled population can discriminate spheres and cylinders representative of objects used in activities of daily living. Using a scoring system which allows for direct comparisons between the populations, our results indicate that a population must have at least 20 sensors per cm 2 to maintain response resolution in these activities of daily living and that larger-sized sensors do not degrade response resolution.
INTRODUCTION
Replicating the dense population of mechanoreceptors in fingertip skin may augment current neural prosthetics [1] . However, present interfaces have at most 128 connections between device and cortex, mostly used for efferent control [2] . This leaves little spare connectivity for afferent feedback. Feedback to peripheral nerves is another option, though connecting artificial sensors to nerves on the order of 100/cm 2 is daunting and renders it nearly impossible to mimic receptor populations at densities observed in the finger. Additionally, current artificial sensors are larger than mechanoreceptors, and therefore dense populations cannot be mimicked without overlapping the sensors. While preliminary steps have been taken towards developing devices with integrated sensors [3] , there remains a need for sparse arrangements of artificial sensors that maintain the resolution required to perform fundamental tasks.
Several scales have been developed that assess a person's ability to perform fundamental tasks required to care for themselves and live independently. These activities of daily living (ADL) include feeding, bathing, dressing, transfer/physical ambulation, and grooming. The execution of such activities is typically evaluated qualitatively in the clinic using Likert scales to rate patients [4] .
Modeling techniques allow for the evaluation of reduced sensor populations. Previous efforts have sought to model mechanoreceptor behavior at the single-unit level and in populations. Skin models, for example, attempt to link the elasticity of the skin upon the indentation of spatial objects with the rate of elicitation of action potentials. Such models utilize continuum mechanics [5] , [6] or finite element analysis (FEA) [7] , [8] . In contrast, models that incorporate neural dynamics have sought to approximate the firing of individual action potentials. For example, the leaky integrate-and-fire (LIF) model has been used to predict the elicitation of action potentials in response to vibratory sinusoids and arbitrary noise stimuli [9] , [10] , [11] . Other empirical (non physics-based) models use regression techniques to relate spatial input to firing rate output. For example, Wheat and Goodwin modeled a single slowly adapting type I (SAI) afferent as a function of the curvature of annular stimuli and the distance between the stimulus and the mechanoreceptor's receptive field center [12] . However, since regression functions are associated with specific stimuli, they abstract underlying physiological mechanisms and must be re-fit to be used with stimuli of other shapes, sizes, and frequencies.
Built up from models of single-units, the response of populations of tactile receptors has been approximated using reciprocal interpretation, which explores a receptor's responsiveness as a stimulus probes spatially about its receptive field and extends this behavior to all receptors in a population [13] . For example, Guclu and Bolanowski used reciprocal interpretation to extend K.O. Johnson's single-unit work with RAs [14] to create populations with various spatial organizations and densities [15] . They defined unique quantitative (e.g., number of active fibers, summated firing rate, average firing rate) and qualitative (e.g., visual inspection of firing rates in spatial plot) dependent measures to investigate responses from several populations. In addition, Wheat and Goodwin have extrapolated their single-unit models to determine the effects of a population's density on neural resolution [12] . In addition to work with annular stimuli, they re-fit functions for curvature stimuli [16] and have considered impacts of a population's innervation geometry, noise, and non-uniform fiber sensitivity [17] .
In order to determine how to reduce the tactile sensors in a population, the present work identifies specific tasks required to complete essential activities of daily living and from them abstracts representative objects, which serve as input into a validated, physics-based model of cutaneous skin and tactile afferents [18] .
Population characteristics including sensor density, layout, and size are varied to investigate the inherent tradeoffs between these variables and response resolution.
METHODOLOGY
The objective of this work is to determine the effect of reduced sensor densities, various population layouts, and larger sensors on a population's ability to discriminate stimuli representative of I. I. Rivest,and G.J. Gerling are with the Department of Systems and Information Engineering, University of Virginia, Charlottesville, VA 22904. E-mail: iir2u@virginia.edu and gg7h@virginia.edu objects used when performing activities of daily living. Three population-based, biological independent variables (population density, the geometric layout of sensors, and sensor size) are varied to determine their impact on overall response. A given combination of these variables is termed a 'population'. Additionally, two robustness independent variables (indenter location and indentation depth) were incorporated to judge a population's sensitivity to small perpendicular and lateral shifts of the indenter, as the experimental positioning of an indenter will vary by a small amount. A population's ability to discriminate two indenters was determined using a quantitative difference measure (summated Euclidian distance) and each population was scored on an ordinal scale based on the performance for several indenter pairs. Two discrimination tasks were considered (differentiating spheres and cylinders of varying radii).
Psychophysical Discrimination Tasks
The simulated tasks involve distinguishing spherical (Task 1) or cylindrical (Task 2) objects of various sizes. Indenters were constructed to represent idealized objects used in activities of daily living (transfer/physical ambulation, feeding, dressing, grooming, bathing, and responsibility for own medication). Eight indenters were created; four for each task. Spherical indenters with diameter 8, 20, 50, and 70 mm represent a variety of everyday objects such as medication, buttons, cabinet knobs, door knobs, baseballs, tennis balls, oranges, and joysticks on motorized wheelchairs. Cylindrical indenters of the same size correspond to pencils, spoons, toothbrushes, door handles, hand rails, and soda cans. Discriminating spheres with diameters 20 and 50 mm could correspond to differentiating a cabinet knob from a door knob using only the sense of touch. Figure 1 shows two examples of this mapping between real-world objects and idealized indenters. 
Model
The model of the SAI mechanoreceptor (previously published [18] ) transforms a static indentation of an arbitrary object into sequences of action potentials for each receptor in a population. From this sequence, firing rate is calculated over two time intervals; the dynamic ramp phase (30 -50 ms) which is characterized by high spike firing during stimulus movement, and the static hold phase (650 -900 ms) which is characterized by slower more regular firing during sustained indentation. Firing rate for a single receptor is validated by comparing model predictions to neural data recorded in experiments with primates [19] . Note that the receptive field size for a single-unit in the model is approximately 4 mm diameter. This is the area of the skin surface that when mechanically stimulated in the model leads to a non-zero value of strain energy density, as sampled at the position of the mechanoreceptors (1 mm deep). The receptive field size (as in the biology) differs from the volume of a Merkel cell -neurite complex (the end organ of the SAI) which is approximated by single elements in the model of 100 micron edge length. The population model is then validated by comparing firing rates of multiple receptors to the results of a psychophysical test of discrimination when the model is sampled at 100 sensors/cm 2 , the density of SAIs in the human finger.
Numerical Experiments for Discrimination Tasks
The numerical experiments compare model output for a given population when indented with two stimuli of varying shapes to determine if they are distinguishable. Spheres with diameter 20, 50, and 70 mm are compared to the standard, a sphere with diameter 8 mm. Likewise, the three larger cylinders are compared to the smallest cylinder. These comparisons are made for each population and variability is taken into account through the use of two robustness variables.
Independent Variables
Three biological variables and two robustness variables were changed in performing the numerical experiments. Population density, geometrical layout, and sensor size (Figure 3 ) relate directly to the population configuration and were varied to determine their effect on discrimination ability. Four densities (100, 45, 20, and 10 sensors/cm 2 ), three geometrical layouts (rectangular, random, and Gaussian random) and four sensor sizes (0.1, 0.2, 0.5, and 1.0 mm diameter) were considered for a total of 48 populations. Additionally, each stimulus was indented to three depths (0.75, 1.00, and 1.25 mm) and in three locations on the fingertip (0.00, 0.25, 0.50 mm shift). The indenter was shifted towards the base of the finger along the proximal-distal axis.
Dependent Variable
A quantitative dependent metric, per sensor Euclidian distance, is defined and calculated for each indenter comparison. Populations are then scored on an ordinal scale based on the per sensor Euclidian distance measurements.
Per sensor Euclidian distance
Per sensor Euclidian distance (Eqn 1, 2) measures the similarity between two indenters as indicated by the firing rates elicited over a given population. The distance between the firing rate elicited by one sensor when indented with the standard stimulus and that elicited by the same sensor when indented with the comparison stimulus is summed over all sensors in the population. This value is calculated for all sensors in a given population and summed, then divided by the number of active sensors, sensors with nonzero firing rates when indented with either the standard or comparison indenter. Thus, the per sensor Euclidian distance measures the difference between firing rates when one population is indented with multiple indenters. a is the number of active sensors in this phase, n represents the total number of sensors, and (dyn_f std ) i and (dyn_f comp ) I are the dynamic firing rates elicited by sensor i when indented with the standard and comparison indenters, respectively. Eqn. 2 is the same calculation for the static phase.
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Per sensor Euclidian distance was calculated for each stimulus comparison over all combinations of the robustness variable for a total of 36 data points (4 comparisons x 3 depths x 3 shifts) for each population arrangement and for both the dynamic ramp and static hold phases. Figure 2 is a hypothetical plot showing per sensor Euclidian distance for a population exhibiting the desired behavior. The subscript for per sensor Euclidian distance is dropped on this plot, indicating that the same process was followed for both phases. Three features make the combination of biological variables in Figure 2 a strong population for differentiating sets of indenters. First, the magnitude for per sensor Euclidian distance for each comparison is large. This indicates a large difference in model behavior when stimulated with objects of different sizes. Second, per sensor Euclidian distance is smallest when comparing the standard indenter to the indenter with diameter 20 mm and largest when comparing the standard to the indenter with diameter 70 mm. This corresponds to a firing rate behavior that indicates not only that the indenters being compared are dissimilar, but also that the smaller indenters are more similar to the standard than larger indenter. Lastly, the error is small for all four comparisons, indicating that the population configuration is robust to indenter depth and location. These three features, termed the order, variance, and magnitude conditions (detailed further below) make up the basis of a system for scoring populations.
Population scoring
Response in the dynamic ramp and static hold phases was scored for each of the 16 combinations of biological variables. A score of 0 to 3 points was given for each of the magnitude, order, and variance conditions for a total of 9 points for either indenter shape. Scores for the spherical and cylindrical indentations were then summed for a maximum of 18 points per population. The scoring procedure presented below is detailed elsewhere [14] .
Magnitude condition
Three, one sample t-tests were performed to determine whether each of the comparisons of dissimilar indenters within a population was significantly larger than 0 at α=0.01, where µ i represented the true mean per sensor Euclidian distance when comparing the standard to stimulus with diameter i, where i={20, 50, 70}. A population received 0 points if each comparison could not be rejected in favor of the alternative hypotheses (i.e. not significantly larger). If the three null hypotheses were rejected at α=0.01, a population received 1 to 3 points based on the magnitudes of 20 x , 50 x , 70 x , the sample averages for the comparison of the standard to the stimulus with diameter 20, 50, and 70, respectively. A population received 3 points if 20 x , 50 x , 70
x were each in the 75th percentile when compared to the distribution of averages within one comparison indenter over all populations. A population received a 2 if all of 20 x , 50 x , 70 x were in the top 50 th percentile, and a 1 otherwise.
Order condition
Three, two-sample t-tests were performed to determine whether the standard and comparison stimuli yielded significantly different per sensor Euclidian distance at α=0.25. This condition ensures that the model can correctly identify that the comparison indenter with diameter 20 mm is more similar to the standard than the comparison indenter with diameter 50 mm. A population received 3 points if the comparisons of dissimilar indenters were rejected in favor of the alternative hypotheses, 2 points if any two null hypotheses were rejected, 1 point if one null hypothesis was rejected and 0 points if the null hypothesis could not be rejected for any of the tests.
Variance condition
The standard deviation for each comparison in a population was binned according to its standing over all populations. A population received 3 points if all 4 comparisons yielded a standard deviation in the bottom 30%. Two points were awarded if 2 comparisons yielded a standard deviation in the bottom 30% and the third was not in the top 10%. One point was awarded if 1 comparison yielded a standard deviation in the bottom 30% and the remaining two were not in the top 10%. Zero points were awarded for populations with standard deviations in the top 10% or with no standard deviations in the bottom 30%.
RESULTS
This section presents population response results for the discrimination tasks in the numerical experiments. Figure 4 shows per sensor Euclidian distance ( d ) as a function of comparison indenter diameter for one combination of sensor layout, population density, and sensor size. The blue plot lines represent the response in the dynamic ramp-up phase and green plot lines correspond to the static hold phase. Note that results presented in this section are highly dependent on the chosen discriminability measure, per sensor Euclidian distance. While this measure does not have a direct biological correlate, it quantifies the difference in firing rates elicited by a given population when stimulated with various indenters.
As stated above, the ideal population has three characteristics: 1) large magnitude, 2) monotonically increasing, and 3) little variability. While many populations exhibit these features, some populations (not all are shown here) do not conform to these requirements. A drastic drop in magnitude occurs between populations with sensor density 20 sensors/cm 2 and 10 sensors/cm 2 for almost all of the populations considered. This is an indicator that a sensor density of 10/cm 2 is inadequate for the discrimination of objects in the selected tasks.
To analyze the results quantitatively, population characteristics were mapped onto an ordinal scale according to the three desirable traits. Populations are scored from 0 to 9 for each of the 2 tasks, totalling a possible 18 points. Scoring results for the dynamic ramp and static hold phases are shown in Table 1 . The validated population, a rectangular population with sensor density 100 sensors/cm 2 and sensor size 0.1 mm, achieves scores of 10 and 9 for the dynamic ramp and static hold phases, respectively. Thus, a score of 10 or better indicates a strong population, 7-10 indicates a reasonably strong population, and a score of 6 or below denotes a poor population. Figure 5 shows that population rating increases as sensor density increases. Figure 7 , which plots population rating as a function of sensor size, does not show any increasing or decreasing trends, but the range and variance of population scores increase as sensor size increase. Figure 7 displays sensor density, sensor size, and population score in 3 dimensions. Since sparse densities and large sensors are ideal, the best populations are the data points residing in the top back quadrant.
DISCUSSION
The work develops a scoring system for comparing responses from populations of peripheral afferents. By mimicking two psychophysical discrimination tasks involving activities of daily living, populations with various densities, sensor layouts, and sensor sizes are evaluated to determine which configurations are best suited for these tasks. The scoring system allows the rating of sensor configurations based on their performance in three categories: magnitude, order, and variance. This allows for direct comparisons between populations. We note, however, that the discriminatory mechanisms of the somatosensory cortex are presently unknown. Therefore, while our scoring system provides a quantitative means of estimating how to reduce the number of artificial sensors, it does not accurately capture, and likely oversimplifies, how the central nervous system functions.
Overall, dense populations consistently score the highest, while the sparsest populations score poorly. This evidence suggests the tool has strong predictive validity. The ability of a population to discriminate spheres and cylinders of different sizes is consistently strong for populations with sensor densities of 100 sensors/cm 2 . Likewise, populations with 10 sensors/cm 2 are not effective when performing these tasks in almost every case. Results for populations of density 45 and 20 sensors/cm 2 , however, have more nuanced results and require specific combinations of the biological independent variables. A final recommendation for prosthetic designers is to employ 45 sensors/cm 2 with a Gaussian sensor layout and large (1.0 mm) sensors. Note 45 sensors/cm 2 corresponds to approximately 11 sensors in a 0.5 mm x 0.5 mm area. However, this recommendation changes to a rectangular population with 0.5 mm sensors for designers utilizing sensor densities of 20 sensors/cm 2 . Additionally, results indicate that cylinders of different size are more difficult to discriminate than spheres. Therefore, we need to select populations based on a specific task. Finally, populations with smaller sensors did not consistently score better than identical populations with larger sensors. This is beneficial due to constraints on manufactured sensors. Future work could investigate sensors larger than 0.1 mm. Additionally, we do not consider noise present in neural responses, within and between afferents, though this could be added to the model.
